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Abstract: Given the rapidly developing processes in the housing market of China, the significant
regional difference in housing prices has become a serious issue that requires a further understanding
of the underlying mechanisms. Most of the extant regression models are standard global modeling
techniques that do not take spatial non-stationarity into consideration, thereby making them unable
to reflect the spatial nature of the data and introducing significant bias into the prediction results.
In this study, the geographically weighted regression model (GWR) was applied to examine the local
association between housing price and its potential determinants, which were selected in view of
the housing supply and demand in 338 cities across mainland China. Non-stationary relationships
were obtained, and such observation could be summarized as follows: (1) the associations between
land price and housing price are all significant and positive yet having different magnitudes; (2) the
relationship between supplied amount of residential land and housing price is not statistically
significant for 272 of the 338 cities, thereby indicating that the adjustment of supplied land has a
slight effect on housing price for most cities; and (3) the significance, direction, and magnitude of
the relationships between the other three factors (i.e., urbanization rate, average wage of urban
employees, proportion of renters) and housing price vary across the 338 cities. Based on these
findings, this paper discusses some key issues relating to the spatial variations, combined with local
economic conditions and suggests housing regulation policies that could facilitate the sustainable
development of the Chinese housing market.
Keywords: housing price; spatial non-stationarity; geographically weighted regression; Chinese
cities; sustainability
1. Introduction
Housing is one of the most basic needs for human settlement and development. The housing
market is an important indicator of the degree of economic development and quality of life in a
particular area. The Chinese government advanced a “housing system reform” policy in 1998,
thereby ending the welfare housing distribution system [1–3]. Prior to this reform, the state or
state-owned enterprises (danwei) provided housing for their workers for free or at an extremely low
price. From then on, most Chinese families needed to turn to the commercial housing market for their
housing needs, hence greatly stimulating and promoting the Chinese housing market. According to
National Bureau of Statistic, the trading volume and average price of Chinese commodity housing
were 1.22 × 108 m2 and 1854 yuan/ m2 in 1998, respectively [4], and they soared to 1.57 × 109 m2 and
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7476 yuan/m2 in 2016. These changes indicate a respective increase of 1187% and 262% and highlights
the rapid growth of the Chinese housing market.
As the housing market continued to develop, the spatial difference in housing prices across
cities became increasingly apparent [2,5–7]. From 2006 to 2015, the housing prices in first-tier cities
experienced an annual growth rate of 15% to 20% (e.g., an average annual increase of 20% in Shenzhen
and 17% in Shanghai and Beijing). In contrast, the housing prices in inland cities, such as Guiyang,
Xining, and Kunming, experienced an average annual growth rate of 2% to 5% [8]. Wang et al. [9]
observed a significant difference between inland cities and southwest coastal urban areas in terms
of their housing price and price-to-income ratio by using data from 286 prefecture-level cities across
China in 2009. Further research revealed a similar phenomenon, that is, that those counties with high
housing prices were mainly concentrated in the southeast coast and the Beijing–Tianjin metropolitan
area. The average housing price in the eastern region was also much higher than that in the western
and central regions [10]. These spatial differences in housing prices reflect the spatial heterogeneity
in socio-economic development, leading to inflation and imposing pressure on housing and land
costs. Such pressure may compromise national economic policies when spreading across the entire
country [11]. Therefore, reducing the spatial inequality in housing price and promoting the sustainable
development of Chinese housing market are crucial.
Two important research topics—the driving mechanism of housing price change and the
formulation of regulation policies for the sustainable development—have been emphasized in recent
years. Numerous scholars have conducted broad and in-depth research on the determinants of
housing price and their effects. Referring to panel data from 29 provinces in China from 1995 to
2005, Chen et al. [4] found that rural–urban migration significantly affected housing price. Wang and
Zhang [8] developed equilibrium models to explain the role of fundamental factors in the Chinese
housing market at the prefectural level. Wang et al. [10] analyzed the direction and strength of the
relationship between housing price and its determinants at the county-level in China by using a spatial
regression technique. The results identified the positive effect from six determinants (i.e., land price,
renter proportion, floating population, wage level, housing market, and city service level) and negative
influence from living space. These studies examined the relationship between housing price and its
determinants in China at the provincial, prefectural, and county levels and were all based on ordinary
least squares (OLS) regression or spatial error models (SEM) and spatial lag models (SLM). All of these
models are global models. OLS linear regression posits that the cause–effect relationship will be the
same across the entire study area. Although SEM and SLM consider proximity effects, they continue
to assume spatial stationarity as a prerequisite. Stationary coefficient models have parameters that
are essentially computed as “average” values over all locations. However, housing is typically a
spatially heterogeneous commodity because of its immovability [12]. Therefore, the varying economic
conditions, natural resource endowments, and traffic conditions across cities can lead to a situation in
which the relationships between dependent and independent variables are not constant over space
and conversely vary with the spatial context in reality [13–15]. This type of spatial variability is known
as spatial non-stationarity [16]. Global models that ignore spatial non-stationarity cannot reflect local
associations and may obscure regional variations in the relationship between housing price and its
determinants, resulting in reducing their real application value [17]. To enhance the understanding of
the sophisticated associations between housing price and its determinants, specific local techniques
are assumed to be used to capture spatial variability and non-stationarity.
The geographically weighted regression (GWR) technique proposed by Brunsdon et al. [15]
and Fotheringham et al. [18] specifies a separate regression model at every observation point,
thereby facilitating the estimation of local coefficients. This model can also incorporate spatial
non-stationarity. GWR model results are typically represented as a set of local parameters that can
be mapped in geographic space, thereby clearly showing the spatial associations [14]. GWR has been
widely used in many studies, such as estimating average daily traffic [19], predicting ground-level
PM2.5 concentrations [20], investigating the relationship between land value and accessibility of
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transportation [21], modeling daily fire danger in northeast China [22], and quantifying spatial
non-stationarity between the distribution of alcohol and violence [23]. These studies have justified
GWR as an excellent descriptor of spatial variability. China is facing serious imbalances in its regional
development and considerable disparities in its housing prices, demographic structure, economic
development, and level of city services. In this context, GWR is applied to quantify the spatial
non-stationary relationships between housing price and its determinants at the city level, and relative
housing market control policy discussions are made accordingly. The conceptual framework is shown
in Figure 1.
The remainder of the article is organized as follows. Section 2 reviews the related literature and
presents an overview of the determinants of housing price based on a supply-demand framework.
Section 3 selects the applied variables to construct the underlying model and introduces the data
sources. Section 4 discusses the research methodology in detail. Section 5 provides the regression
results, compares the performance of various models, and discusses the spatial patterns in the context
of local economic conditions. Section 6 draws conclusions from the findings and proposes policies for
ensuring the sustainability of the Chinese housing market.
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determinants of housing price adopted in relevant studies focusing on Chinese housing market. An 
increasing number of studies have been conducted based on a supply-demand framework. Chow 
and Niu [24] applied a standard housing demand-supply framework to explain the rapid growth in 
the urban housing price in China based on annual data from 1987 to 2006, and concluded that the 
housing price change could be well explained by a demand and supply framework using national 
aggregate data. l. Similarly, Wang and Zhang [8] proposed an empirical approach that considers the 
four fundamental factors (i.e., urban hukou population, wage income, urban land supply, and 
construction costs) of demand-supply at both the city- and project-level. They found that the selected 
factors could account for a large proportion of the actual housing price appreciation in most cities.. 
The most widely used socioeconomic and demographic factors are summarized in Table 1 based on 
a demand-supply framework.  
Table 1 shows considerable variations for the same variable across different studies. Zou and 
Chau [25] investigated the impacts of inflation rate on housing price in Shanghai based on the 
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transportation system, infrastructure construction, economic environment, and cultural 
Figure 1. Conceptual framework.
2. Literature Review
Housing is not only regulated by the market mechanism, but also to some extent, by the
government. Ther fore, d fferent economic systems and levels have led to variations in the existing
housing market. In this cont xt, the comparison of he ou ing ma ket with th sam or similar
political/institutional framework is more appropriate. This section provides a brief review of
determinants of housing price adopted in relevant studies focusing on Chinese housing market.
An increasing number of studies have been conducted based on a supply-demand framework.
Chow and Niu [24] applied a standard housing demand-supply framework to explain the rapid
growth in the urban housing price in China based on annual data from 1987 to 2006, and concluded
that the ho sing price change could be well explained by a demand and supply framework using
national aggregate data. l. Similarly, Wang and Zh g [8] proposed an empirical approach that
considers the four fundamental factors (i.e., urban hukou population, wage income, urban land supply,
and construction costs) of demand-supply at both the city- and project-level. They found that the
selected factors could account for a large proportion of the actual housing price appreciation in most
cities.. The most widely used socioeconomic and demographic factors are summarized in Table 1
based on a demand-supply framework.
Table 1 shows considerable variations for the same variable across different studies. Zou and
Chau [25] inves gated the impacts of inflation ra e on housing price in Shanghai based on the monthly
data for the period of 2005–2010 and found a positive and slight relationship. Zhang et al. [26] divided
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the 70 large and medium-sized cities in China into three tiers based on key factors (i.e., transportation
system, infrastructure construction, economic environment, and cultural significance), and then
empirically studied the relationship between housing price and macroeconomy. They found that the
effect of inflation rate on the housing prices was positive initially and then became negative, and the
more significant negative effect was found in first-tier cities. In terms of the floating population,
Wang et al. [10] identified it as a significant positive factor for housing price. Chen et al. [4] divided
the selected cities into coastal and inland ones, and found that there is significant negative correlation
for inland cities while insignificant for coastal cities. The results provide strong evidence to confirm
the hypothesis mentioned in first section that there are spatial variations in the relationship between
housing price and its determinants. Global statistics do not give useful insights into the issue and
may produce misleading results when examining the relationship. Previous studies that reveal such
non-stationary relationships have dealt with spatial heterogeneity by delineating the cities into distinct
geographic areas or different city tiers and estimating the global regression separately. However,
city classification is often problematic in practice and hinders researchers from making generalizations
about the uncertainty of a broader and dynamic housing market [17]. In this context, we use a
better regression model, GWR, which enables us to estimate local coefficients to deal effectively with
spatial non-stationarity.
Table 1. Main variables identified in the literature review.
Category Variables Study Area Findings Cite
Demand
Income
Shanghai s, c = 1.382 [27]
29 provinces ns in provinces with high level of HP [28]
Proportion of renters 2872 counties +, c = 0.32907,exceptions exist [10]
Inflation rate
70 cities −, stronger effect is found in first-tier cities [26]
Shanghai a positive and slight relationship [25]
Per capita living space 2872 counties s, c = 0.007615 [10]
Urbanization rate
29 provinces s, −(coastal provinces)/+(inland provinces) [4]
Shanghai s, c = 14.329 [27]
Impending marriages 29 provinces s, + [28]
Housing vacancy rate 14 cities s, − [29]
Unemployment rate 14 cities s, − [29]
Floating population
29 provinces ns in coastal provinces [4]
2872 counties s, c = 0.156177, [10]
Supply
Land price
21 provincial cities an endogenous interrelationship [30]
2872 counties s, + [10]
Construction costs
35 cities s, + [8]
14 cities s, + [29]
29 provinces more significant in provinces with high HP [28]
Amount of land supplied
China s, + [31]
Beijing s, c = −0.1070 [32]
China no causal relationship between land supplyand HP [33]
User costs 29 provinces s, c = −0.109 [28]
Housing investment Midwest s, + [34]
“s” = significant; “ns” = nonsignificant; “c” = coefficient; “+” = positive; “–“ = negative; “HP” = housing price.
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3. Variables and Data Processing
3.1. Variables
Based on the findings from the literature review, we use a standard supply-demand framework
to understand how different variables affect the housing price in different cities. In modeling the
demand side, purchasing power and impending housing buyers are two vital factors. Therefore,
we select urbanization rate, the average wage of urban employees and the proportion of renters as
demand variables. With respect to the housing supply, land is an essential factor for house construction.
Urban residential land and housing markets are two relevant markets [30]. Thus, land price and the
supplied amount of residential land are selected as variables. The modifications and uses of the
selected factors are discussed as follows:
Urbanization Rate (UR): Urbanization generally refers to the process of migration flows into
cities and the transformation process of rural areas into urban areas. The urbanization rate basically
reflects the level of economic development and social progress of a city, to a certain extent. One of
the most obvious features of urbanization in China is the large flow of rural-city migrants, providing
labor for economic growth while also expanding the demand for housing. The significant regional
difference in urbanization rate (e.g., the UR of Shenzhen is 100%, while Baoshan is only 28.15%) might
lead to variations of the results.
Average Wage of Urban Employees (AWUE): Wage level is an important indicator of the income
level that comprehensively reflects the purchasing power of urban residents. Wage level has been
widely used as an explanatory factor for changes in housing price [35,36]. In general, high income
provides people with financial support when purchasing a house, thereby subsequently increasing
both the housing demand and housing price.
Proportion of Renters (PR): Given their traditional deep-rooted concept of home ownership,
the Chinese people not only view housing as a place of residence but also attach social meaning to it,
such as happiness and safety [37]. Therefore, most urban residents purchase a house in the city where
they work if their financial condition permits. Rental housing is widely recognized as a “stepping
stone” to social housing and eventual owner occupancy [38]. More than 100 million renters have been
recorded in China by the end of 2016 (MOHURD), and these renters represent a large proportion of
the housing demand according to Goodman [39]. The change in housing demand will cause housing
price fluctuation.
Land Price (LP): Three different influence mechanisms between housing price and land price
are described. From a cost-driven perspective, housing price consists of land cost, construction cost,
related taxes, and developer profits. The ratio of land cost to housing price increased from 9% in 1998
to 24.3% in 2011 [10]. As a major component, land price is supposed to affect housing price. From a
supply-demand perspective, when the housing market demand exceeds supply, both the housing
and land prices will increase. The third mechanism is based on the perspective that land and house
prices have a mutually causal relationship [30]. Therefore, land price is assumed to have a positive
correlation with housing price.
Supplied Amount of Residential Land (SARL): In free market case, SARL will change with the
housing price to keep the relative balance of housing demand and supply. When prices are higher than
expectation, an increase of SARL will expand the housing supply, which in turn leads to decline in
housing price. The situation in China is different and the Chinese urban housing market still remains
centralism features to a certain extent because it is owned by state [4]. The amount, structure and
location of residential land supply are controlled by local governments [40]. A hypothesis can thus be
made that the impact of SARL on housing price varies across cities due to the variations in regional
economic development levels and governmental actions.
Sustainability 2017, 9, 1826 6 of 17
3.2. Study Area
This research uses 334 prefectural level cities (di ji shi) and 4 municipalities (zhi xia shi), and the
total is 338 cities as our study area. A general definition about Chinese city system, which has been long
defined administratively, is introduced: Municipalities directly under the central government have
the same political, economic and jurisdictional rights as provinces , and prefectural-level cities rank
below provinces but above counties (A comprehensive review of Chinese city systems is presented
in Li’s research [41]). In general, a prefectural level city includes city-governed districts and its
surrounding regions such as the seats of counties, and there is a significant differences in their
housing price. For example, Chengdu City consists of city-governed districts, 5 county-level cities,
and 4 counties, and the housing prices range from 3791 yuan/m2 to 10,780 yuan/m2, as shown in
Figure 2. The housing price of counties and county-level cities is obviously much lower than that in
city-governed districts. Studies that focus on the entire city will produce misleading results. Therefore,
we only take the city-governed districts of the selected cities into account to make the results more
reliable. The administrative boundaries are derived from the Second Land Use Survey of China.
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Figure 2. Housing prices in Chengdu City.
3.3. Data Sources and Processing
Because transaction price for most cities in China is inaccessible, we used asking price, which is
widely used in hedonic price modeling to estimate housing price and has been proven to generate
robust results [21,42]. Taking Shanghai as an example, asking and transaction price are highly
correlated with a possible swing of ±10% [43]. Therefore, the effect of the determinants on housing
price can be examined without any significant errors by looking at asking price. Data on housing
prices were obtained from the website http://sjz.anjuke.com/, which is the most important housing
transaction website in China with more than three million online housing records. A total of
121,512 commercial housing records, including the location (in latitude and longitude format) and
asking price information for November 2016, were collected using crawling techniques. Given the
large number of housing price records collected for each city, mean and median value were calculated
respectively. Compared with the transactional price of 30 major cities for November 2016, which was
obtained at http://fdc.fang.com/, the world’s largest housing network platform, the mean value is
closer to transaction price with a comparative gentle fluctuation. The site of municipal governments
are used to represent the spatial location of mean housing price of 338 cities because it is impossible to
precisely define the points on the map (Figure 3).
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The data for the independent variables were obtained from statistical yearbooks. Specifically,
AWUE data were collected from the 2016 China Statistical Yearbook for the Regional Economy,
while UR and PR data were collected from the 2016 Statistical Yearbook for each city. After the
acquisition of land use rights, developers usually need three years to transform the site into housing
units, and land-related indicators are known to have a three-year lag effect on housing price [44].
LP and SARL data were collected from the 2013 Land and Resources China Statistical Yearbook.
The descriptive statistics for all variables are shown in Table 2.
Table 2. Descriptive statistics for the variables.
Variables Name Description Min Max Mean Std. Dev
Housing price Asking housing price (yuan/m2) 2270.00 53,976.00 6349.15 5842.57
UR Urbanization rate (%) 0.24 1.00 0.50 0.19
AWUE Average wage of urban employees (yuan) 24,567.00 83,020.00 44,284.22 8984.83
PR Proportion of renters (%) 0.08 2.75 0.65 0.45
LP Land price (104 yuan/ha) 19.45 13,601.55 1034.79 1411.62
SARL Supplied amount of residential land (ha) 0.00 1058.89 294.45 268.79
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4. Methods
4.1. Model Fitting
The min–max normalization method is applied to normalize all variables. Then a Pearson’s
correlation and variance inflation factor (VIF) are applied to diagnose and avoid potential
multi-collinearity problems among the independent variables. The results indicate that all pairs
of variables has a significant and relatively weak correlation (<0.5), and the VIF values for UR, AWUE,
PR, LP, and SARL are 1.1075, 1.5682, 1.4444, 1.2846, an 1.1124 (all of them are much less than 10)
respectiv ly. In this ca e, all thes variables are ke t further regression nalysis. Next, we use
the Add Join feature in ArcGIS to link the data associated with each variabl it spatial data for
subsequent modeling and analysis. We also perform OLS for comparison and analyze the necessity of
GWR based on OLS diagnostics. The Koenker (BP) statistic and Jarque–Bera are applied to assess the
model stationarity and bias, respectively. Both OLS and GWR are estimated in ArcGIS 10.2. The GWR
Sustainability 2017, 9, 1826 8 of 17
4.0 software is used to derive local t-values that indicate the significance of local parameters in order to
yield a meaning explanation of the results.
4.2. Model Evaluation
The measures of AICC, adjusted R2, and residual squares are used to evaluate the performance
of OLS and GWR. According to the evaluation criteria proposed by Fotheringham [18], for the same
sample data, if the difference in the AICC value between two models is greater than 3, then the model
with a lower value has a better fit for the observed data. A higher adjusted R2 and lower residual
squares also indicate a better model. The spatial autocorrelation (Moran’s I) tool is also used to
examine the patterns in the OLS and GWR model residuals. We calculate the Moran’s index at the
significance level of 0.05. A larger Moran’s index indicates a greater dependency on the residuals,
thereby indicating that the model cannot adequately explain the change in the dependent variable [45].
On the contrary, a smaller Moran’s index indicates a better model.
4.3. Geographically Weighted Regression
GWR (Equation (1)) extends the OLS approach by embedding the geographic location of the
observation into the model. Each parameter is estimated in space to improve the goodness of fit of the
model greatly.
yi = β0(ui, vi) +∑
k
βk(ui, vi)xik + εi, (1)
where (ui, vi) represents the spatial coordinates, β0(ui, vi) is the intercept, and βk(ui, vi) is the local
coefficient of k variable at the i point. The coefficients are estimated using weighted least squares
(WLS) (Equation (2)) at each location (ui, vi), where εi represents the error term, εi ∼ N
(
0, σ2
)
;
β j(ui, vi) =
[
XtW(ui, vi)X
]−1XtW(ui, vi)y, (2)
where W(ui, vi) is the spatial weighting matrix. According to the first law of geography, the points
that are located closer to the regression coordinates (ui, vi) contribute more in the estimation of the
parameter. In this study, we use the Gauss function to determine the weighting matrix as follows
(Equation (3)):
wij = exp
[
−(dij/b)2], (3)
where dij is the Euclidean distance between the location of observation i and location j, b represents
the bandwidth of sampled observations, and wij is a continuous monotone decreasing function of dij.
If dij = 0, then wij = 1.
GWR is sensitive to the choice of bandwidth. A wide bandwidth will generate results that are
similar to a global regression model. Conversely, a small bandwidth will lead to large variances in
the estimators. The distribution of observed cities is inhomogeneous, and the density of cities in
the eastern region is much higher than that in the western region. We choose an adaptive spatial
kernel, that is, the bandwidth becomes a function of the number of nearest neighbors so that each
local observation is based on the same number of cities. Thus, the bandwidth distance will become
larger where the cities are sparsely distributed and smaller where the cities are densely distributed.
To obtain the optimal bandwidth, the adjusted value of the Akaike Information Criterion (AICc) is
used. The resulting bandwidth is 87 observations. AICc is expressed as follows:
AICC = 2n ln(σˆ) + n ln(2pi) + n
n + tr(S)
n− 2− tr(S) , (4)
where σ is the maximum likelihood estimator of the variance of random error, and tr(S) is the trace of
the S matrix.
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5. Results and Discussion
5.1. Model Performance and Estimates
Based on the OLS diagnosis, the BP statistic is statistically significant (p = 0.000), indicating that
the association between determinants and the predicted housing price varies along with changes in
magnitude and that the model is inconsistent spatially in the data space. The p-value of the Jarque–Bera
statistic is smaller than 0.01, showing that the residuals are randomly distributed and that a biased
model is obtained. Table 3 summarizes the performance of the OLS and GWR models. The GWR
model accounts for 87.1% of the change in housing price, which is 7.5% higher than OLS. The residual
square values for GWR are lower than those for OLS, indicating that the GWR model has a closer fit to
the observed data. The AICc value for GWR is 322.042, which is much lower than the comparative
value for OLS. Figure 4a,b show the patterns in the OLS and GWR model residuals, and their Moran’s
I equal to 0.099 (Z score = 7.237) and 0.017 (Z score = 1.391), respectively. A strong tendency of OLS
model residuals toward clustering becomes noticeable. These results show that GWR is more suitable
and powerful than OLS in explaining the relationship between housing price and its determinants.
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Table 3. Model performance comparison.
Models AICc Adjusted R2 Residual Squares
OLS 432.410 0.796 68.08
GWR 322.042 0.871 34.94
5.2. Discussion of Estimated Coefficients
The same data are used in the OLS and GWR models. The OLS model treats the 338 cities as a
whole, and the results are assumed to be universal over space. The obtained coefficients are shown in
Table 4. All variables are significant at the 0.01 level except for SARL. The interpretation here, for the
example of AWUE, is that an increase in one point will lead to a 12.27% increase in housing price
when other variables are kept constant. By contrast, GWR allows for the estimation of local coefficients
and generates a set of coefficients at each of the 338 observations in this study. The coefficients are
described by a five-number summary that is based on minimum, lower quartile, median, upper
quartile, and maximum values. Table 5 shows that the parameter estimates for the five variables
vary greatly, indicating a significant spatial difference in the relationship between housing price and
its determinants.
Table 4. OLS model results.
Variables Coefficient StdError t-Statistic Probability VIF
Intercept 0.0000 0.0244 1.0000 0.0000 –
UR 0.0373 0.0258 5.1345 0.0000 * 1.1075
AWUE 0.1227 0.0307 3.9969 0.0001 * 1.5682
PR 0.1221 0.0295 4.1439 0.0000 * 1.4444
LP 0.7566 0.0278 27.2233 0.0000 * 1.2846
SARL 0.0639 0.0258 2.4720 0.1392 1.1124
* Indicates significance at 0.01 level.
Table 5. GWR model results.
Variables Minimum Lwr Quartile Median Upr Quartile Maximum
Intercept −0.2732 −0.2732 −0.0444 −0.2732 0.2773
UR −0.1145 −0.0050 0.0376 0.0629 0.2307
AWUE −0.0671 0.0204 0.1044 0.1779 0.4027
PR −0.0744 0.0554 0.1009 0.1626 0.4400
LP 0.1516 0.3704 0.5900 0.9134 1.1105
SARL −0.1779 −0.0122 0.0277 0.1092 0.3058
5.3. Spatial Pattern
One of the advantages of the GWR model is that the parameters can be mapped in the geographic
space to visualize spatial variation. The results are best interpreted by combining the spatial
distribution of local parameter estimates with the distribution of the local t-value that exhibits
the local significance. Given the significance of local coefficients is determined by a classic t-test,
and 338 t-statistics for each variable have been calculated. The problems of multiple significance
testing are presented and certain estimated coefficients are likely to be falsely identified as significant
at 5% level [46,47]. Then a simple mapping technique that combines the local parameter estimates
and local t-values on one map is used, in which the local t-values which are between −1.96 and +1.96
(nonsignificant parameters) are covered with white, whereas the t-values smaller than 1.96 or greater
than 1.96 (significant parameters) are set to 100% transparency [48]. Figure 5a–e show the relationship
between housing price and its five determinants.
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GWR model results show that the coefficients of UR are statistically significant for 204 of the
338 cities in explaining the changes in housing price and range from −0.1145 to 0.2307 (Figure 5a).
The results justify the hypothesis mentioned in Section 3.1 that regional variations in the urbanization
rate have certain effects on housing price. Positive effects are obtained except for northern part of
China. The strongest effect is found in coastal China and it may be attributed to the fact that given the
population concentration and the shortage of land resources, the housing market in coastal cities has
become highly competitive. Thus, an increase in urbanization rate will also increase the impending
housing buyers and generate increased pressure on the market.
According to the OLS model results, AWUE exerts a small positive effect on housing price with a
coefficient value of 0.1227. However, the GWR coefficients range from −0.0671 to 0.4027 (Figure 5b),
indicating that the direction and magnitude of such association vary across cities. Those cities with
the highest coefficients are located in coastal China. These results conform to the previous findings
that an increase in disposable income has a greater effect on housing prices in eastern China than on
those in western and central China [49]. The wage level in coastal cities is much higher than that in
inland cities, thereby providing the necessary financial support to improve owner-occupied housing
and stimulate the investment in the housing market. Then, housing demand will increase and drive
up housing prices.
The proportion of renters is widely recognized for its significant positive effect on housing
price [10]. In this study, PR has a positive effect on housing price for almost all significant cities
(Figure 5c). This result can be attributed to three reasons. First, given a rapid increase in housing
price, housing not only offers residences for inhabitants but also becomes an asset that provides
considerable returns to investors in China [50]. Second, the housing rental market is confusing
because of its lack of unified management. Renters, as vulnerable groups in the lease relationship,
often encounter obstacles. For example, landlords consistently raise rent against the contract when
housing price continues to increase. In addition, purchasing a house offers a means to solve the
registered residence (hukou) problem in most cities, with which people are eligible to receive more
benefits from the local government. As a result, most renters choose to purchase a house if their
financial situation permits, thereby increasing the demand in housing market. Those cities with lower
coefficients are divided into two types. The first type of cities with a lower regression coefficient and
higher proportion of renters (e.g., Yulin City, Shanxi Province, coefficient = −0.033 and PR = 0.015)
are mainly concentrated in Shanxi Province, where the natural resources is abundant, especially in
coal and natural gas. According to Wang et al. [10], although a large proportion of short-term migrant
workers is present in resource-based cities, they do not exert pressure on the local housing market
because they have houses in their rural hometowns and do not intend to settle in the cities. Cities of the
second type, which have a lower regression coefficient and proportion of renters (e.g., Baoshan City,
Yunnan Province, coefficient = 0.011 and PR = 0.003) are concentrated in the northern and southeastern
part of China. This region is relatively less developed, and job opportunities are limited. Those cities
with a higher coefficient are concentrated in south coastal China, indicating they are greatly influenced
by PR.
As expected, the LP estimates are positive and significant throughout all 338 cities with a set of
parameters that range from 0.1516 to 1.1105 (Figure 5d), implying that all associations are positive
at different magnitudes. Those cities with higher coefficients are divided into two types. The first
type of cities with a higher coefficient and housing price are concentrated in east coastal China,
implying the crucial role of land price in the contribution to the housing price growth. This result,
which is in accordance with the findings of Li and Chand [28], is mainly because coastal cities have
many immigrants from inland cities, thereby leading to a rapid increase in urban population, and a
comparatively smaller amount of land for residential use. Therefore, housing price is more affected
by the determinants from the supply side. The second type of cities has a higher coefficient and
comparatively lower housing price. These cities are all located in Tibet, in which the urban construction
land is relatively scarce because of the high altitude, heavy gradient, fragile ecological environment,
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and other disadvantages [51]. In addition, the average population growth rate of Tibet from 2000 to
2010 is 1.39%, which is much higher than the national level of 0.57% (NBSC, 2011). The rapid growth
rate has caused shortage in land supply, resulting in a rise in land price and comparatively higher
ratio of land cost to housing price. Therefore, an increase in land prices will significantly increase the
housing prices in Tibet.
The global regression results show that SARL does not significantly affect housing price. However,
based on GWR model results, the association between SARL and housing price is statistically significant
for 66 of the 338 cities, which are mostly concentrated in coastal provinces (Shanghai, Jiangsu, Zhejiang,
Fujian, Guangdong, and Guangxi). Thus, compared with OLS, the GWR technique, which allows data
to be analyzed at the local level, is capable of generating more accurate results in this study. For most
cities, SARL has no significant effect on housing price possibly because the state is the single supplier
of land in China, and the land supply is not determined by the actual demand in housing market but
controlled by the government [4,52]. This finding may also be attributed to the land-banking behavior
of housing developers who might hold the land obtained from auctions and tender until the housing
prices have reached their expectations. Although a maximum development period is fixed by the
central government, the extension can be easily applied [33]. Zheng tracked 141 pieces of residential
land that were sold between 2000 and 2005 and found that the land development period tended
to extend when the housing price continued increasing, resulting in higher profits [40]. Therefore,
expanding land supply without strict management policies may not affect housing price and lead to a
new round of enclosure movement.
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6. Conclusions and Policy Implications
6.1. Conclusions
This study makes an initiative attempts to apply GWR to evaluate the spatial non-stationary
relationships between housing price and its five determinants that are selected using a supply-demand
framework for 338 cities in mainland China. A set of local coefficients is obtained to reflect the direction
and strength of these associations. The findings are summarized as follows:
First, technically, GWR is superior to OLS in three aspects: (1) GWR exhibits better model
performance than OLS with lower AICc, residual squares, and greater adjusted R2; (2) Less dependency
is found in the GWR residuals, indicating that more spatial structure has been accounted for; (3) GWR
enables local parameters to be calculated, unfolding the hidden and in-depth associations between
housing price and its determinants.
Second, based on a housing demand perspective, the significance, direction, and magnitude of the
relationships between the three driving factors and housing price vary across cities. For urbanization
rate, regional variations in the urbanization rate have certain effects on housing price and the strongest
positive effect is found in coastal China. In terms of the average wage of urban employees, those cities
with the highest coefficients are also located in coastal China. The proportion of renters has a positive
effect on housing price for most of the cities with significant coefficients. The cities with the highest
significant coefficients are located in south coastal China, indicating that they are more influenced by
the proportion of renters compared with the others.
Third, from a housing supply perspective, GWR model results demonstrate that the derived
associations between land price and housing price are all significant and positive but have different
magnitudes. Those cities with high coefficients are concentrated in the east coastal China and Tibet.
The global regression results show SARL does not significantly affect housing price. However,
GWR model results indicate that the association between SARL and housing price is statistically
significant for 66 of the 338 cities.
In future, correction in the conventional t-test is needed to be carried out to reduce the likelihood
of identifying clusters of false positives in GWR. Finally, given the availability of data, the article
uses asking price instead of transaction price. Although the former is widely used in hedonic price
modeling to estimate housing price and has been proven to be effective, the application of transaction
data is still supposed to produce more robust and pragmatic results.
6.2. Policy Implications for Sustainability in the Housing Market
The sustainable development of the housing market tends to reduce spatial heterogeneity
and control excessive growth in housing prices. The detailed empirical analysis in this article
demonstrates that the associations between housing price and its determinants vary across cities.
Chinese housing policy-makers should focus more on regional variations. The discussions indicate
that housing regulation policies that are suitable to the regional economic conditions and development
characteristics are implemented as detailed below.
First, coastal cities have experienced rapid urbanization and increasing job opportunities in the
context of their rapidly growing economy. A large number of rural-urban migrants have stimulated
the demand in housing market, leading to increases in housing price. Governments in those cities
should improve the support to accommodate migrants, especially for low-income households in urban
areas. Affordable housing policies are necessary to help them secure adequate housing. By contrast,
the urbanization rate of most inland cities are relatively low, yet with great potential to increase, thereby
possibly increasing the demand for housing in inland cities. Formulating affordable housing policies
in advance might be beneficial to avoid excessive growth in housing price. In addition, inland cities
should take advantage of housing policies to attract more migrants and promote economic growth
in turn.
Sustainability 2017, 9, 1826 15 of 17
Second, for most cities, especially in south coastal China, developing the rental housing market
will help ease the contradiction between housing supply and demand. The State Council (2016)
has proposed a series of suggestions to promote the rental housing market, which are summarized
as follows:
“The first step is to develop housing rental enterprises by supporting built or new housing
to be used as rentals. Second, the government should subsidize households income
limits by providing public housing. Third is to improve tax incentives and encourage
financial institutions to increase support and the supply of rental housing land. Fourth,
strengthening supervision and standardizing intermediary services is also an important
means to stabilize the tenancy relationship and protect the legitimate rights and interests of
the lessee.”
These suggestions are crucial in promoting the development of the housing rental market,
especially the development of specialized rental and leasing enterprises. The strong implementation
of these propositions will provide people with increased rental housing, improved living conditions,
high management levels, and stable rental prices, thereby satisfying their housing needs.
Third, from a housing supply perspective, land price exerts the most dominant influence on
housing price for almost all 338 cities. Therefore, the role of land price should not be overlooked.
Housing regulation policies not only include restricting housing purchase or adjusting macroeconomics
but also concern with measures to control the excessive land price. For example, Suzhou implemented
the “limited highest land price” policy in 2016, which is specified as setting the highest price for
land to be sold. If the quoted price exceeds the set price, then the transaction will be terminated.
Although scholars are pessimistic about the effect of this policy and believe that such a policy will
only alleviate the overheated land market to a certain extent, it is an attempt to curb the rapid rise
in land price. From a land supply perspective, the significant relationship is hard to be observed
for most cities, indicating that increasing land supply may slightly affect the reduction of housing
prices. A new policy was issued in 2016 (MOHURD): the supplied amount of residential land should
be increased in cities that suffer from a serious contradiction in housing market. The empirical
results indicate that overdependence on expanding land supply might not make any difference.
Strict management policies should also be carried out to avoid a new round of enclosure movement.
As an essential element of housing, land market is in an inextricable relationship with the housing
market. Furthermore, a comprehensive a thorough comprehension of the association between housing
market and land market by the analytical model may be difficult. In-depth empirical analysis needs to
be undertaken to determine the inextricable relationship and implement targeted and detailed housing
regulation policies.
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